Active Learning methods create an optimized and labeled training set from unlabeled data. We introduce a novel On- 
INTRODUCTION
Active Learning (AL) is an emerging technique for machine learning that aims to reduce the amount of labeled training data necessary for the learning task. AL techniques are sequential in nature, employing various sampling methods to select examples from an unlabeled set. The selected examples are labeled and then used to train the model. A carefully designed sampling method can reduce the overall number of labeled data points required to train the model and make the model robust to class imbalances Ertekin et al. (2007) or implicit bias Richards et al. (2011) in the dataset.
AL assumes the training process requires labeled data, and secondly that data is costly to label. Medical image analysis is particularly well framed by these assumptions, as the domain offers many opportunities for machine learning solutions, and labeling medical images requires extensive investment of time and effort by trained medical personnel. In particular, AL can be especially useful in the context of deep learning for medical image analysis, where deep networks typically require large labeled training datasets (Litjens et al., 2017) .
We introduce MedAL in our prior work. MedAL is a novel AL approach to optimize the selection of unlabeled samples by combining predictive entropy based uncertainty sampling with a distance function on a learned feature space (Smailagic et al., 2018 ). MedAL's active sampling mechanism minimizes the required labels by selecting only those unlabeled images that are most informative to the model as it trains.
However, MedAL does not address improving computational efficiency. Each time new labeled examples are added to the training set, MedAL resets the model weights and re-trains the model using all available labeled data. As a result, the method processes training examples many more times than necessary, increasing the time between each sampling step. In a real world application, the trained medical personnel labeling the data would need to wait for the model to finish training, reducing the interactivity and applicability of the system.
To improve the computational performance of MedAL, we introduce "Online" MedAL (O-MedAL) which trains the model incrementally by using only the new set of labeled data and a subset of previously labeled data. By minimizing the training data used in each AL iteration, O-MedAL is computationally faster and more accurate than the original baseline model while retaining all the benefits of MedAL. MedAL is experimentally validated on three medical image diagnosis tasks and modalities: diabetic retinopathy detection from retinal fundus images, breast cancer grading from histopathological images, and melanoma diagnosis from skin images. O-MedAL is compared to MedAL on the retinal fundus image dataset for diabetic retinopathy detection. To the best of our knowledge, online active learning has never been directly applied to a medical image analysis setting, and it has never been applied to a deep learning setting. In fact, there is little prior work on online active learning. We discuss existing approaches and their drawbacks in the Related Work section.
Our main contributions are:
• Novelty: we present a novel AL sampling method that queries the unlabeled examples maximally distant to the centroid of all training set examples in a learned feature space.
• Accurate: we introduce an online training technique that is more accurate than the original baseline model trained on a fully labeled dataset.
• Efficient: our method achieves better results with fewer labeled examples than competing methods.
• Computationally Efficient: the online training technique performs fewer backpropagation updates than the original baseline model trained on the fully labeled training set.
• Robust: we test our active learning method on binary and multi-class classification problems using balanced and unbalanced datasets.
The remainder of the paper is structured as follows: in the Related Work section, we discuss relevant prior work on active and online learning approaches. In the Proposed Method section, we describe the sampling process and online training technique. In the Experiments section, we present results comparing MedAL to common active learning approaches on three medical image datasets. We also present results comparing O-MedAL to MedAL. Finally, we discuss the implications of the results and future directions, and we provide conclusions summarizing our work.
RELATED WORK
Most AL systems approach the challenge of labeling data by selecting unlabeled examples likely to improve predictive performance. The AL scenario assumes that an oracle can assign a label to the selected examples. In practice, the process of labeling data can be difficult, time-consuming and expensive. Therefore, it is valuable to design sampling methods that identify the unlabeled examples most informative to the learning task while querying as few labels as possible.
AL was applied to histopathological image analysis on unbalanced data (Homeyer et al., 2012) , cell nucleus segmentation (Wen et al., 2018) , CT scan and MRI analysis (Pace et al., 2015) , and computer-aided diagnosis of masses in digital mammograms ). An AL uncertainty sampling method was created for skin lesion segmentation (Górriz et al., 2017) . Additionally, AL was used in a Multiple Instance Learning framework for tuberculosis detection of chest radiographies (Melendez et al., 2016) ,
The main AL scenarios include membership query synthesis, pool-based active learning and stream-based active learning. In membership query synthesis, the learner generates an unlabeled input and queries its label (Angluin, 2004) .
In pool-based active learning, a pool of unlabeled instances is ranked and the top k subset is labeled (Settles, 2008) .
Stream-based active learning assumes a stream of unlabeled data and the learner decides on-the-fly whether to label it (Dasgupta et al., 2008) .
The sample/query mechanisms mainly include Query By Committee (QBC) (Freund et al., 1997 (Freund et al., , 1993 , Expected Error Reduction (EER) (Cohn et al., 1995; Melville and Mooney, 2004) , Expected Model Change (EMC) (Cai et al., 2013; Freytag et al., 2014) , and Uncertainty Sampling (US) (Yang et al., 2015; Lewis and Catlett, 1994; Lewis and Gale, 1994) .
Our work mainly expands on pool-based active learning and US. US is a sampling technique to select and label the unlabeled examples the model is most uncertain about. Uncertainty can by computed by predictive entropy, or the entropy of a prediction p(x |x ) given an unlabeled input example x . US selects unlabeled examples near the classification boundary without making use of labels.
Regarding online active learning, some prior works exist. The work of (Murugesan and Carbonell, 2017 ) proposes a multi-task learning algorithm to minimize labeling requests by attempting to infer a label with high confidence from other tasks rather than ask the oracle for the label. The work of (Sculley, 2007) addresses a setting where the algorithm requests a label immediately after an example has been classified; the method reduces the computational cost simply because it requires less labels. The work of (Baram et al., 2003) proposes an multi-arm bandits method where learners are selected from the ensemble to sample the next example to be labeled. The reward function for the bandits problem is classification entropy maximization. In some cases, the approach has better performance than other ensemble methods evaluated.
PROPOSED METHOD
AL techniques developed for classical machine learning methods are not ideal for Deep Neural Network (DNN) architectures. In particular, (Zhang et al., 2016) shows DNNs are capable of fitting a random labeling of the training data with low uncertainty. These findings suggest that traditional AL sampling methods based on predictive uncertainty will be less effective with DNNs.
We present a method specifically tailored to DNNs. We first describe our novel AL sampling method and then we show how to train the system via online learning.
| Sampling Based on Distance between Feature Embeddings
As shown in Figure 1 , let D t r ai n be the initial training set of labeled examples and D or acl e be the unlabeled dataset. We train a model using D t r ai n and then use the model to find a fixed number of the most informative unlabeled examples, x * ∈ D or acl e . These examples are then labeled and added to D t r ai n and the model is trained on the new data. Oracle examples are iteratively labeled in this fashion until the oracle set is exhausted or sufficient performance is attained.
Uncertainty-based methods for choosing x * ∈ D or acl e evaluate about how informative a given x ∈ D or acl e is by computing the uncertainty in the model's prediction. In this work, we depart from the standard practice of only using the model's prediction to choose x * . Instead, we propose to use a feature embedding function f (x ) ∈ n in conjunction with uncertainty.
In particular, we first compute the predictive entropy of each unlabeled example in D or acl e and then we select only the top M highest entropy examples as a set C M . Using this subset of D or acl e reduces the number of examples considered and ensures the active learning process ultimately selects unlabeled examples closest to the decision boundary.
( 1) To further evaluate the amount of new information an unlabeled example, x ∈ C M , can add to the training set, we evaluate each example's average distance in feature space to each labeled example x i ∈ D t r ai n by means of a feature embedding function f and a distance function d .
where
is the feature embedding function and d (a, b) is a Euclidean distance function.
We calculate s(x ) for every example in C M ⊂ D or acl e , ask the oracle to label the example that maximizes s and add the example to D t r ai n . We repeat this process to select a fixed number of examples from C M .
Building on results from the original MedAL paper (Smailagic et al., 2018) , we assume the feature space of the embedding function f is always Euclidean. The assumption implies we can compute s(x ) as the distance to the centroid of the labeled examples, reducing the number of distance function calls and saving computation (
time an x * is chosen, we update the centroid of the labeled examples to include the new example.
Finally, we train the model on the new data and repeat the sampling process over again. In following sections, we will describe in detail the feature embedding function f (x ), and specifically how we train the model with new labels.
| Deep Representations as Feature Embeddings
We train a Convolutional Neural Network (CNN) based architecture to extract powerful representations from the data and simultaneously solve the image classification problem. When interpreted in metric space, the feature embeddings learned by CNNs are known to encode semantic meaning. In particular, nearby elements tend to be visually similar (Mikolov et al., 2013; Costa et al., 2018) , and conversely, elements that are far away tend to be visually different. We therefore make the assumption that images with mostly similar features will have a smaller distance in embedding space, while images with mostly different features will have a larger distance. The assumption that the feature embedding can be interpreted in metric space is the basis for Eq. (2).
As shown in Figure 1 , we define as the feature embedding function, f , the activations of a particular CNN layer.
Since f (x ) is tied to the model, it evolves during training. As the model performance improves, the model will extract better representations, leading to better classification accuracy as well as more informative examples sampled from D or acl e . If f (x ) was statically defined, the function could be computed off-line and the model reduces to a simple predictive entropy based sampling method.
| Online Active Learning
The online learning technique describes how we train the model given a stream of newly labeled examples generated by the AL sampling method. found empirically that including a non-null subset of previously labeled data is necessary, and we discuss further in the Discussion section. Using a subset of available training data also reduces the overall number of examples used to train the model. Both of these changes result in computational efficiency. The first change reduces the total number of epochs required to train the model while the second change reduces the number of examples per epoch.
The number of examples that will be used to update model weights during backpropagation increases exponentially, and can be expressed using the equation:
where N t is the cumulative number of example images used for backpropagation after t AL iterations, is the number of 
EXPERIMENTS
We perform experiments on three medical datasets to validate the accuracy and robustness of our proposed approach.
First, we introduce the datasets. Next, we describe MedAL and online MedAL implementation details. Then, we evaluate our sampling method on the three datasets. Last, we evaluate our online training approach.
| Dataset Description
Active learning reduces the amount of labeled data necessary for training, and it is therefore well positioned medical image analysis. We evaluate MedAL on three publicly available datasets. Skin Cancer dataset contains 900 cell tissue images classified as either benign or malignant (Gutman et al., 2016) . 
| MedAL Implementation
The underlying convolutional neural network architecture is Inception V3 (Szegedy et al., 2016) , with weights pretrained on ImageNet. We replace the top layer with Global Average Pooling and then a Fully-Connected layer, where the number of hidden units corresponds to the number of output classes in the dataset. We use Adam (Kingma and Ba, 2014) optimizer with learning rate of 2e − 4 and we use the default recommended values for β 1 (0.9) and β 2 (0.999).
At the start of each AL iteration, we reset the model's weights the initial starting values (after pre-training on ImageNet). The top layer weights, since they were not pre-trained on ImageNet, are randomly initialized using the Glorot method (Glorot and Bengio, 2010) .
Each AL iteration, we train the model until it reaches 100% training accuracy. We perform hyperparameter selection using only the Messidor validation set and we apply these same hyperparameters to the Skin Cancer and Breast Cancer datasets in order to avoid using a labeled validation set for these datasets. The ability to avoid using a validation set is important to show both robustness of our method and, most importantly, to show that our method minimizes the number of labeled images used. Table 1 shows the dataset size and the specific hyperparameters that were different across the datasets.
We initialize the training set by randomly sampling one unlabeled image from D or acl e , and then use the ORB initialization method described in (Smailagic et al., 2018) to increase the size of our initial training set, D t r ai n .
For data pre-processing, we resize all images to 512 × 512 pixels and use the following dataset augmentation: 15 degree random rotation, random scaling in the range [0.9, 1], and random horizontal flips.
To configure the AL sampler, we use the euclidean distance function, and we obtain feature embeddings from the Mixed5 layer of Inception V3. These choices are a result of our prior empirical evidence that this combination of layer and distance function achieves the highest entropy (Smailagic et al., 2018) .
| Online Active Learning (O-MedAL) Implementation
We start with the configuration defined in the MedAL Implementation Details section, and then make the following changes.
First, we replace the Inception V3 network with a ResNet18 network (He et al., 2015) pre-trained on ImageNet.
ResNet18 performs nearly as well as Inception V3 on the fully labeled dataset, and ResNet18 is a smaller model. Since one of the reasons to consider O-MedAL is computational efficiency, we decided to use ResNet18. We use the SGD optimizer with a Nesterov momentum of 0.9, learning rate of 0.003, weight decay of 0.01. The batch size is 48. We replace the last layer with a linear layer followed by Sigmoid. The feature embeddings are extracted from the output of the "layer 2" layer. ResNet18 with these hyperparameters is the network used for all O-MedAL evaluation experiments.
Second, regarding Messidor, we use an 80/20 random split stratified across hospitals. The split is re-computed each time a model is trained. It assigns 949 images to the combined train and oracle sets, and the remaining 238 images to the test set. For these tests, we also correct the published errata associated with Messidor's dataset (this includes removal of 13 duplicate images from one of the hospitals).
We use the same pre-processing transformations used for MedAL evaluation, and we also use the same hyperparameters for Messidor; the number of max entropy samples is M = 50 and images added per iteration is = 20. 
| Distance-based Sampling Method Evaluation
We compare the performance of our AL sampling method on the three datasets mentioned above to the performance of uncertainty sampling and random sampling. The datasets each present different learning challenges: Messidor as a balanced binary classification, the Breast Cancer dataset as a balanced multi-class classification, and the Skin Cancer dataset as an unbalanced binary classification. After each AL iteration, the test accuracy of our model is evaluated.
Our method consistently outperforms both uncertainty and random sampling on all three datasets, as shown in Figure 3 . Random sampling chooses images uniformly at random, and therefore on balanced datasets, we expect accuracy to increase in a nearly linear fashion. Any improvement over random sampling will choose more informative images earlier in the sampling process, resulting in a non linear curve. MedAL shows large increases in accuracy with fewer images. For instance, on Messidor, Figure 3a shows our method obtains 80% accuracy with 425 images, whereas uncertainty sampling and random sampling require 625 and 700 images, respectively, to achieve the same 80% accuracy.
Moreover, our method obtains results comparable to the baseline accuracy using only 650 of 768 training images (84.6%).
As shown in Figure 3b , our method is also consistently better than competing methods in the Breast Cancer dataset, although the difference is not as striking as in Messidor. Our approach reaches 82% accuracy with 230 of 320 (76.9%) images labeled, whereas uncertainty sampling and random sampling require 250 and 255 images, respectively, to achieve the same accuracy.
Finally, our approach also reaches 69% accuracy on the Skin Cancer dataset with 460 images labeled, as shown in Figure 3c , whereas uncertainty sampling and random sampling require 570 and 640 labeled training images, respectively, to achieve the same results. Furthermore, our method achieves baseline accuracy of 71% after being trained with 610 of 700 images (87%).
| Online Active Learning (O-MedAL) Evaluation
We evaluate O-MedAL by comparing it to MedAL and the ResNet18 baseline across three areas: test set accuracy, percent dataset labeled and computational efficiency. In particular, we conduct a study to determine whether previously labeled data is useful or necessary to train the model. Results show that the online approach significantly improves over the baseline in all three areas.
We As the percent of the dataset labeled approaches 100, the model retrains the baseline model over and over again, effectively retraining the baseline model once for each AL iteration. Therefore, we expect that if MedAL converges before 100% of dataset is labeled, its maximum accuracy should be larger than the baseline due to random chance. The results of Figure 4 confirm this finding, and an improvement in accuracy over MedAL's highest accuracy is a significant improvement over the baseline. 
DISCUSSION AND FUTURE WORK
On each of the three datasets tested, MedAL achieves a higher overall accuracy and uses less labeled training data. The results confirm that informative examples are maximally dissimilar in feature space to previously trained examples and close to the decision boundary of the current model.
MedAL uses the trained baseline model to sample unlabeled examples. As the model improves its ability to classify the data, it also naturally improves its ability to identify unlabeled examples worthy of labeling. Since MedAL samples examples with maximum uncertainty and distance to the labeled examples, we can infer that MedAL's performance will continue to improve relative to other sampling techniques on larger unlabeled datasets. Future work could attempt to quantify how the performance changes as a function of unlabeled dataset size.
MedAL is designed to query a fixed number of examples at a time. This naturally translates to a medical setting where a physician will label a batch of images at once (ie M > 1). O-MedAL enables an efficient alternative where if M = 1, a physician can label one image at a time without waiting on the model to request more image labels. When M = 1, the feature embedding used to query unlabeled images is always as up-to-date as possible. Future work will be to test the utility of O-MedAL with M=1, as well as the possibility of near real-time interaction (in terms of wall time) with a physician.
In the future, we plan to continue our collaboration with Ophthalmologists in collection of Diabetic Retinopathy data and in integrating Deep Active Online Learning techniques with Ophthalmologists and other physicians to make more informed health care decisions.
CONCLUSIONS
In this paper we extend MedAL by introducing an online learning method. The online method retains all the benefits of MedAL while improving both its accuracy and computational efficiency.
We evaluate MedAL on three distinct medical image datasets: Messidor, the Breast Cancer dataset, and the Skin Cancer dataset. Our results show that MedAL is efficient, requiring less labeled examples than existing methods. The method achieves comparable results to a model trained on the fully labeled dataset using only 650 of 768 images.
Additionally, MedAL attains 80% accuracy using 425 images, corresponding to 32% and 40% reduction compared to uncertainty and random sampling methods, respectively. Finally, we show that MedAL is robust, performing well on both binary and multi-class classification problems, and also on balanced and unbalanced datasets. MedAL shows consistently better performance than the competing methods on all three medical image datasets.
We compare O-MedAL to both MedAL and the underlying baseline deep network. We show that O-MedAL is more accurate, improving over the deep network test accuracy by 5.88% while labeling 80% of the dataset and processing 69.54% more examples. O-MedAL requires fewer labels, achieving baseline accuracy with only 40% of the dataset labeled and using 59% less computation. O-MedAL is computationally efficient; our compute optimized model processed 68% fewer examples than the baseline with 80% of data labeled when it exactly matches the accuracy of the deep network. We have shown that O-MedAL offers choices between labeling efficiency, computational efficiency and accuracy. We provide a hyperparameter, p, to prioritize accuracy versus computational efficiency.
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